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Responsiveness of Crop Yield and Acreage to Prices and Climate
Growing concern about the impact of climate change on agriculture has led to numerous studies to estimate the effect of changed climatic conditions on yields, land values and profits. Many of these studies have used field experiments or simulation approaches to assess the impact of climate variables on yields (see a review in Long et al. 2006) . These studies omit consideration of the potential for farmers to adapt to climatic changes by changing input use, crop rotations, and agronomic practices, and, therefore, may be over-estimating the damages due to climate change (Mendelsohn, Nordhaus, and Shaw 1994) . Other studies have used the Ricardian approach to estimate the impact of climate on land rent or value of farmland while allowing for the possibility of adapting to it (Mendelsohn, Nordhaus, and Shaw 1994; Deschênes and Greenstone 2007; Schlenker, Hanemann, and Fisher 2005, 2006) . The Ricardian approach also accounts for the impact of climate on the agricultural sector as a whole by including both the direct impact of climate on yields and indirect impact due to changes in inputs, crops, and other practices. It relies on cross sectional data and inherently assumes that input and output prices remain constant over time even with climate change (Darwin 1999; Schlenker, Hanemann, and Fisher 2005; Schlenker and Roberts 2009 ). However, as Deschênes and Greenstone (2007) and Schlenker and Roberts (2009) note, climate change may affect crop prices by affecting world crop production. This raises questions about the extent to which forecasts of the long term effects on land value or crop yield from these models can be attributed to climate change.
Recent studies have used panel data for county-specific yield and weather to examine non-linearity in the effect of temperature and the interactions between temperature and precipitation on crop yields. Schlenker and Roberts (2009) project that warmer temperatures can severely reduce crop yields in the rainfed United States by 30% ~ 82% depending on the speed 2 of global warming by the end of the century. Deschênes and Greenstone (2007) and Kucharik and Serbin (2008) find that an increase in precipitation is beneficial for corn and soybean yields whereas McCarl, Villavicencio, and Wu (2008) suggest that increased precipitation can be harmful for wheat yield, beneficial for cotton yield but have no significant impact on corn, sorghum, and soybean yield.
These studies treat the crop production function to be a technical relationship between yield per acre and climate variables while controlling for time invariant factors such as soil quality using fixed effects. Although this is appropriate at a field scale, observed yield per acre of a crop at a more aggregate level (such as a county) represents the direct effect of input application and crop variety decisions (determined at least in part by input and output prices) and the indirect effect of the land quality in the county used for the crop. Expected crop prices can influence the adoption of improved crop practices, seed varieties and other technologies which can affect crop yields (Kaufmann and Snell 1997) . Additionally, land quality in the county used for the crop is likely to be affected by input and output prices too because they affect incentives for substitution of acres among crops as well as for making changes in crop acreage at the extensive margin. This determines the extent to which low quality marginal land is brought into crop production and affects the average yield in the region. However, aforementioned studies examining the effect of climate variables on crop yields do not control for farmers' responses to expected input and output prices.
A few earlier econometric studies focus on the positive responsiveness of crop yields to prices while controlling for the effect of climate variables (Houck and Gallagher 1976; Menz and Pardey 1983; Choi and Helmberger 1993; Kaufmann and Snell 1997) . But these studies do not account for the endogeneity of crop prices. Furthermore, data used in these studies are 3 aggregated at the national level and quite outdated (prior to 1989) . Recent public debate on indirect land-use impact of corn-based ethanol production indicates that price elasticities of crop yield and acreage play a key role in quantifying this impact (Khanna and Cargo 2012; Gohin 2014) . It is therefore important to examine the responsiveness of crop yields and acreage to prices using recently developed econometric methods and updated data.
Climate can affect crop supply through its effects not only on crop yields but also on crop acreage. For example, precipitation can influence the date when crops are planted, and hence can affect crop choice and acreage planted. Excessive precipitation in spring has been observed to delay planting of corn and lead to an increase in soybean acreage in the Midwest several times in the last three decades (Sachs et al. 2010; Weinraub 2013) . Studies analyzing the determinants of crop acreage have focused primarily on the effect of economic variables without controlling for the effect of climate variables (see table 1 for a list of relevant studies). An exception is an early study by Orazem and Miranowski (1986) that controls for the effect of spring precipitation when studying how crop acreage allocation responds to different price expectation regimes. 1 The purpose of this article is threefold. First we seek to examine the effect of climate variables on yield and acreage of corn and soybeans and therefore on the supply of these crops while controlling for the effect of crop input and output prices. Second, we project the impact of climate change on crop production under alternative climate scenarios and temporal frameworks by using the most updated climate change forecasts as of 2014 from the Intergovernmental Panel on Climate Change (IPCC)'s fifth Assessment Report (AR5). Third, based upon the estimates for the price elasticities of crop yield and acreage, we examine the extent to which changes in crop prices lead to changes at the intensive versus extensive margin by affecting yield per acre and 4 crop acreage. Our analysis focuses on the rainfed area of the United States (east of the 100 th meridian) for the period 1977-2007.
The inclusion of crop prices in the reduced form regressions of crop yield and acreage raises several econometric issues. First, we need to consider how farmers form their expectations of crop prices when making decisions about crop acreage and cropping practices at the time of planting and the appropriate proxies for these expected prices. Existing studies have used various proxies for expected prices, including lagged-year realized prices and current-year futures prices, but there is no strong evidence to suggest that one outperforms the other in describing farmers' expectations. We examine the robustness of our results to both proxies for expected prices.
Second, the inclusion of crop prices as explanatory variables has the potential to lead to endogeneity bias because yield and acreage in a given year can affect crop prices in that year (Roberts and Schlenker 2013) . Moreover, since crop prices are serially correlated and supply shocks in one year can persist over time, even lagged prices are likely to be correlated with unobservable factors that affect current yields and acreage decisions. 2 We, therefore, use an instrumental variable (IV) approach to address this endogeneity problem. Third, since county specific weather data and unobservable factors that affect crop yield and land allocation can be quite similar across a wide region (say, a state), county-level crop yields and acreage are expected to be spatially correlated. Therefore, we allow for spatial autocorrelation of the error terms in the yield and acreage regressions.
Accounting for endogeneity of prices by using IV methods and controlling for spatial autocorrelation of the error terms in the yield and acreage regressions by applying recently developed techniques in spatial panel econometrics are two contributions of this article compared to earlier studies regarding the effects of prices on yields and acreage (Houck and Gallagher 5 1976; Menz and Pardey 1983; Choi and Helmberger 1993; Kaufmann and Snell 1997 We also find that spring precipitation has a statistically significant effect on crop acreages. The net combined impact of climate change on corn production ranges from -7% to -41% and on soybean ranges from -8% to -45%, depending on the climate change scenarios, time horizon considered, and global climate models used to predict climate change. More importantly, we
show that omitting price variables from the corn yield regression will underestimate the effect of growing degree days (GDD) by 10.3% and overestimate the effect of overheat GDD, temperature deviation, and precipitation by up to 41.3%, 18.1%, and 9.6%, respectively. The net impact of omitting price variables is an overestimation of the effect of climate change on corn yield by up to 9% and on soybean yield by up to 15%, depending on climate change scenarios and time horizon considered. These results indicate that the negative impact of climate change on crop supply may be partly mitigated by changes in inputs and production practices due to the increase in crop prices that is likely to be induced by reduction in production caused by climate change.
We find a statistically significant own price elasticity of corn yield of 0.23 but not of soybean yield. For corn and soybean acreage, the own price elasticities are 0.45 and 0.63, respectively. Based on the own price elasticities of corn yield and acreage, we calculate that 33.8%
of an increase in corn production caused by an increase in corn price is due to yield increase whereas 66.2% is due to acreage increase. Failing to account for the price elasticity of yield will 6 therefore over-estimate the land-use change effect of biofuel production because it ignores the mitigating effect of changes at the intensive margin that can increase supply. Our findings have implications for the recent public debate on indirect land-use impact of corn-based ethanol production. That is, models assuming a zero price elasticity of corn yields to prices, such as Searchinger et al. (2008) are likely to be overestimating the impact of biofuel production on indirect land use change.
The rest of the article is organized as follows. We first present a conceptual framework to motivate the effect of prices, climate, and agricultural policy on crop yield and acreage. Then we illustrate econometric models and data used in the analysis, followed by estimation results and the implications of these results. The last section concludes.
Conceptual Framework: Determinants of Crop Yield and Acreage
A crop production function at a field level is typically modeled as a technical relationship between yield per acre and factors affecting yield such as input use, soil fertility, farm management practices and climate. Although climate and soil fertility are exogenously determined to farming, input use and management practices can be controlled by farmers.
Moreover, observed yield per acre of a crop at the county-level represents the effect of farming decisions at both intensive margin (e.g., input application, management practice, and crop choices, etc.) and extensive margin (e.g., acreage expansion). These decisions at the intensive and extensive margins are likely to be affected by input and expected output prices as well as by agricultural policies that affect crop prices received by farmers and the flexibility of making crop acreage changes. A reduced form relationship examining the determinants of county-level average crop yield and crop acreage is, therefore, likely to be a function not only of soil and climate variables but also of input and expected output prices as well as agricultural policies.
7
Effects of Output and Input Prices
An increase in the output price of a crop can be expected to increase the acreage devoted to the crop by creating incentives to switch land from other uses to this crop. However, the effect of expected output price on crop yield per acre at the county-level is conceptually ambiguous. On the one hand, ceteris paribus, an increase in expected price of a crop could lead farmers to increase input-use and adopt more productive management practices and crop varieties (Feng and Babcock 2010) , which will increase the average county level yield per acre of this crop. On the other hand, the increase in expected price could also lead to a change in rotation practice (e.g., an increase in corn price can be expected to lead land converting from a corn-soybean rotation to a continuous-corn rotation) and expanding acreage under the crop to marginal, low quality acres (Feng and Babcock 2010) , which could decrease county-average crop yield per acre. The net effect of expected crop price on county-average crop yield depends on the relative magnitude of these effects and is an empirical question.
Conceptually, the effect of input prices on county-level average yield and acreage is ambiguous as well. For instance, the direct effect of the reduction in fertilizer use induced by an increase in fertilizer price is likely to be negative for corn yield on a specific field. However, with an increase in fertilizer price, land with low corn productivity may be converted to other crops so that only land with high corn productivity is left for corn production, which may increase the average corn yield in a county. The effect of increasing fertilizer price on crop acreage could be negative if it leads farmers to switch to crops that require less fertilizer to save input costs (e.g., from corn to soybeans). It could also lead farmers to substitute land for fertilizer and expand crop acreage.
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Due to biological lags in agricultural production, planting decision and post-planting crop management practices have to be based on farmers' expectations of output prices. 4 Gardner (1976) provides empirical evidence to support the use of futures price as being consistent with rational expectations. Chavas, Pope, and Kao (1983) examine the performance of futures price and one-year lagged received price in determine farmers acreage decision. They show that since futures price and one-year lagged received price are highly correlated, it makes little difference whether futures price or one-year lagged received price is used, and the issue of multicollinearity will likely arise if both prices are included in a regression. Like the results of Chavas, Pope, and Kao (1983) , Shideed and White (1989) also find that using futures prices or lagged received price generates similar price elasticities of acreage. In sum, the existing literature suggests that futures prices and lagged received price can be used interchangeably and there no strong evidence to suggest that one outperforms the other in describing farmers' expectations.
In empirical studies, both lagged-year received prices and current-year futures prices are widely used as proxies for expected prices (see table 1 ). For example, Houck and Gallagher (1976) and Menz and Pardey (1983) use one-year lagged received prices as proxy for the expected prices to explain crop yield whereas Choi and Helmberger (1993) use futures prices.
Among studies analyzing the response of crop acreage to prices, Chavas and Holt (1990) , Tegene, Huffman, and Miranowski (1988) , Chembezi and Womack (1992) , Lee and Helmberger (1985) , and Miller and Plantinga (1999) use lagged received prices as an explanatory variable. Studies that use futures prices include Lin and Dismukes (2007) , Barr et al. (2011) and Orazem and Miranowski (1994) . In this study we examine the effect of both one-year lagged received price and, separately, current-year futures price as proxies of expected crop prices.
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Effects of Climate Variables on Yield and Acreage
It is well documented that GDD have a non-linear effect on yield and that temperature higher than a threshold may be harmful for the growth of crops (Schenkler and Roberts 2009 ). In addition to GDD, precipitation is another key factor that affects crop yields. Yields are also expected to be affected by temperature variability (McCarl, Villavicencio, and Wu 2008) .
Therefore, in our crop yield models we include variables for GDD, precipitation, and temperature deviation. Specifically, we include GDD and its squared terms to capture the nonlinear effect of temperature. We also include over-heat degree days in order to capture temperature's threshold effect. Since the effect of precipitation on yield will depend on the timing and intensity with potentially non-linear effects, unlike previous studies we include monthly mean precipitation during the growing season and their squared terms to capture the non-linear effects of precipitation and the potential impact of timing and seasonal variation on yield. We also include monthly temperature deviations over growing season in yield models.
Within a growing season, information about post-planting climate conditions is not available when acreage allocation decisions are made. Therefore, post-planting climate conditions should not be included in acreage models although they affect crop yields. However, we believe that it is reasonable to include spring precipitation in acreage models because a wet spring will make it difficult for corn being planted on time, and hence corn acreage may be switched to soybean acreage (Sacks et al. 2010; Weinraub 2013) . Therefore, we include monthly precipitation in March to May to control for the effect of the pre-planting climate on crop acreage. 5 Moreover, since farmland faces competition from population growth and urban development, we include population density in the model to control for its effect on crop acreage in a county.
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Effects of Farm Policy
Crop yields and acreage are also likely to be affected by agricultural policies that can either directly affect expected returns from cropping or the flexibility to make farm level (and therefore aggregate) acreage decisions. A significant change in U.S. farm policy took place in 1996 with the passage of the Federal Agriculture Improvement and Reform (FAIR) act which decoupled government payments from farmers' actual production decisions. Prior to the FAIR act, crops were classified as program and non-program crops and government payments that a farmer received in a year were limited to program crops based on the actual acreage devoted to that program crop and the yield specified for the farmer. 6 These coupled payments that were calculated based on actual acreage and yield rewarded more intensive production and higher crop yields. After the FAIR act was enacted, farmers received Production Flexibility Contract (PFC) payments that were calculated based on historical acreage and yield, which indicates that the FAIR act allowed for planting flexibility.
Several studies have found that decoupled payments affect farmers' risk attitudes and have implications for input use, technical efficiency and output, although these effects are typically small (e.g., Serra, Zilberman and Gil 2008; Serra, Goodwin, and Featherstone 2011; Bhaskar and Beghin 2009; Weber and Key 2011) . Serra et al. (2006) find that decoupling may decrease the mean and variance of farm-level output through reducing the use of risk-increase input. Simulations by Ray (1996) show that the 1996 FAIR act could be expected to decrease the acreage of program crops such as corn and cotton. In this study we control for the effects of the FAIR effect by including a dummy variable that equals 0 in years earlier than 1996 and 1 in 1996 and thereafter.
Empirical Framework
We model the county-specific average yield per acre, Yijt, of crop { , } i cs  , with c for corn and s for soybeans, in county j and in year t as (1) includes GDD and its squared term, over-heat GDD, monthly mean precipitation and their squared terms, and monthly deviation in temperature which is included to control for variability in temperature. We include disaggregated climate variables (e.g., monthly precipitation and monthly temperature deviation) to examine the potential impact of timing and seasonal variation in climate variables on agricultural production. The definitions of these climate variables are given below. Soil quality variables are not included directly in the regression since they are time invariant and cannot be distinguished from county-specific effects.
The time trend vector  includes a linear and a quadratic form of time trend to reflect advances in technology and agronomic practices.
Similarly, the reduced-form of acreage models can be written as
where the subscripts, variables, and parameters are defined similarly as in equation (1) respectively. All these statistics are significant at 1% level so we can conclude that both yield and acreage are positively spatially correlated. Therefore, in yield and acreage models described in equations (1) and (2), we allow for spatial autocorrelation of the error terms ijt and ijt e .
Failure to take spatial autocorrelation into account may generate biased and inconsistent estimates (LeSage 1997) and lead to underestimation of the standard errors (Schlenker, Hanemann, and Fisher 2006 (2) where Ni and Mi are numbers of counties in yield models and acreage models, respectively, and { , } i cs  . Then the spatial autocorrelation takes the form: for the acreage data). The command "spgm" in R package "splm" is applied for estimating the GMM estimators.
To address the endogeneity of input and output prices we apply a panel data IV estimator with county fixed effects. The fixed-effect IV approach is appropriate since explanatory variables such as lagged crop prices and fertilizer price index may not be strictly exogenous and the time-invariant county characteristics such as geography may be correlated with those explanatory variables. Following Roberts and Schlenker (2013) , we use one-year lagged climate variables and one-year lagged crop stocks as IVs because they are exogenous and affect current yields and acreage only through affecting prices. Specifically, across all corn and soybean yield models as well as corn acreage models, the IVs are: one-year lagged corn stocks, one-year lagged soybean stocks, and one-year lagged growing degree days. For soybean acreage models, since the aforementioned three IVs do not pass the over-identification test, we use one-year lagged corn stocks, one-year lagged soybean stocks, and one-year lagged annual precipitation as IVs.
We specify a linear functional form for the yield models and a log-linear functional form for the acreage models. Crop prices are specified in logarithmic form in the acreage model while other independent variables are included in levels. This model specification is supported by results from Box-Cox regressions (see Greene 2003, p. 500) . Based on the original datasets (i.e., non-spatially transformed), for the yield models, the Box-Cox test suggests a linear form because the maximum likelihood estimates (MLE) of Box-Cox transformation parameters for corn and soybean yield models are 0.9 and 0.8, respectively. The MLE of the Box-Cox transformation parameters for corn and soybean acreage models are 0.26 and 0.31, respectively, which indicate that the log-linear models are preferred.
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Data and Variables
We obtain county-level yield and planted acreage data for corn and soybean over from National Agricultural Statistics Service (NASS) of the U.S. Department of Agriculture (USDA). We focus only on rainfed counties, i.e., counties on the east of 100 th meridian. We construct balanced panels because we are estimating panel data models with spatial correlation.
Spatial panel econometrics with un-balanced panel datasets may have problematic asymptotic
properties when the reason for missing data is unknown (Elhorst 2010 Here the monthly mean temperature is the mean of daily average temperature within a month.
Monthly minimum (respectively, maximum) temperature is the mean of daily minimum (respectively, maximum) temperature within a month. Monthly deviation in temperature is calculated as the monthly maximum minus the monthly minimum temperature. In this study we include both a GDD variable, a squared term of GDD, and an over-heat GDD variable in yield models. Following Schlenker, Hanemann, and Anthony (2006) and Deschênes and Greenstone (2007) , GDDs in the range 8-32°C within growing season are included in the regressions. GDDs above 32°C are defined to be over-heat GDD. GDDs in the range of 8-32°C and over-heat GDDs are calculated based on the PRISM data following the standard mean temperature cut-off approach illustrated by Chandrasekaran, Annadurai, and Somasundaram (2010, p. 512) .
Following Schlenker, Hanemann, and Fisher (2006) , we employ the square root of over-heat GDD in the models. In this study we define the growing season as March to August as in Schlenker and Roberts (2009) Table 2 contains the summary statistics for corn yield and acreage dataset. Summary statistics for soybean yield and acreage dataset are provided in table S1 in the Supporting Information (SI hereafter).
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Estimation results
In this section we discuss the estimation results of the yield and acreage regressions. We estimate three alternative specifications for each of the yield models of corn and soybeans. For acreage models, we estimate two alternative specifications for each crop.
Determinants of Crop Yields
The estimation results for crop yields are presented in tables 3 and 4 for corn and soybeans, The same conclusion holds when futures prices are used in the yield models. Furthermore, we account for serial autocorrelation and heteroskedasticity by using the robust estimator.
From table 3 we see that received corn price has a statistically significant and positive effect on corn yield, with the coefficient being about 7.4 in Model III. When evaluated at sample means, this implies that the elasticity of corn yield with respect to received corn price is 0.23.
This indicates that the positive effect of corn price on corn yield dominates its negative effect through induced changes in land use. We compare our elasticity estimates with those in the literature (table 1) . Our estimates are close to those estimated by Choi and Helmberger (1993) and Lyons and Thompson (1981) . We also estimate the price elasticity of corn yields using futures prices and the estimated coefficient of 7.9 of corn futures prices (see Model IV in table   S2 ). When evaluated at sample means, the elasticity of corn yield with respect to corn futures price is 0.26.
As expected, corn yield responds negatively to fertilizer index. Table 4 shows that soybean yield is not sensitive to its own price. The reason could be that soybean yield increase may be mainly caused by the adoption of genetic technology and by the advances in agronomic practices over the last few decades (Specht et al. 2014) . It could also be indicative of the intensive and extensive margin effects offsetting each other. The result that soybean yields are not sensitive to fertilizer price index is not surprising because not very much fertilizer is applied to soybeans. Table 3 also shows that corn yield has a positive and statistically significant time trend; corn yield increases at an increasing rate over time. This indicates that inclusion of price variables affects estimates of the impact of climate variables on corn yield. Similar conclusion holds for soybean yield models. We discuss this further in the next section.
The coefficients of GDD and squared GDD are statistically significant across all model specifications for both corn and soybean yield. The positive coefficients of GDD and negative coefficients of squared GDD indicate an inverse U-shaped relationship between yield and GDD.
Based upon Model III, the estimated coefficients of GDD and squared GDD suggest that, ceteris paribus, corn and soybean yields peak at 1,403 and 1,882 GDD, respectively. At the GDD sample means, 2,166 for corn and 2,167 for soybean, the effect of a marginal increase in GDD on corn and soybean yield is negative. Specifically, when evaluated at sample means, a 1%
increase in GDD will decrease corn yield by 0.37% (about 0.4 bushel per acre) and soybean yield by 0.19% (about 0.06 bushel per acre).
Extreme temperature that is higher than 32°C during the growing season is found to be harmful for corn yield. This result is consistent across all the yield model specifications. For soybean yield, the same conclusion holds except that the magnitude of the coefficient is much that the relationship between crop yield and precipitation is also inverse U-shaped.
The 1996 FAIR act is found to have a negative and statistically significant impact on corn yield. This is consistent with the findings of Serra et al. (2006) who show that decoupling may decrease the mean and variance of farm-level output through reducing the use of risk-increase input. On the other hand, however, we do not find evidence that soybean yield is sensitive to the enactment of the FAIR act.
Determinants of Crop Acreage
We estimate two acreage models for each crop. 11 Acreage Model I does not include spring precipitation while Model II does. under-identification, weak-identification, and over-identification. That is, the instrument variables used in the acreage models are strongly correlated with endogenous variables and uncorrelated with error terms. Table 5 shows that both corn and soybean acreage positively respond to an increase in 20 their own prices. For corn acreage, this response is statistically significant at 1% level across all two specifications. For soybean acreage, the coefficients of soybean price are only significant at 5% or 10% levels. In Model I of corn acreage, the estimated acreage elasticity with respect to corn price is 0.55. However, when monthly precipitation variables over March to May are controlled for, then this acreage elasticity decreases to 0.45. Similar conclusion holds for soybean acreage models. The coefficients of fertilizer price index are all positive and statistically significant across all specifications of both corn and soybean acreage models. This may indicate that a higher fertilizer price reduces the intensity of cultivation and leads to changes at the extensive margin. Soybean acreage could be increasing due to a switch from continuous corn to corn soybean rotations while corn acreage might be increasing as some marginal land are converted to corn production. We find that population density has a negative and a statistically significant effect on acreage across all specifications with a coefficient at about 0.0009. For corn acreage models, the coefficient of linear term of time trend is negative and statistically significant, which indicates that, all else equal, corn acreage is decreasing every year. For soybean acreage models, the coefficient of the linear term of time trend is positive whereas that of quadratic term is negative, indicating an inverse-U shaped soybean acreage time trend.
We also find that monthly precipitation in March to May has a negative effect on corn acreage. However, only the coefficient of April precipitation is statistically significant. The coefficients of May precipitation in soybean models are positive and statistically significant, indicating that an increase in May precipitation discourages corn planting and encourages soybean planting. The coefficients of FAIR dummy are negative and statistically significant across all models and price specifications for corn acreage. Based on results of corn acreage
Model II in table 5, we find that, all else equal, the passage of the FAIR act decreases corn 21 acreage by about 27%. For soybean acreage models, the coefficients of FAIR dummy are positive but none of them are statistically significant.
Implications of the Estimation Results
In this section we quantify the effects of omitting price variables when estimating the impact of climate change on crop yields. We also decompose the effect of a corn price increase on corn production into that through a change in yield and that through a change in acreage. Then we discuss the potential implications of the estimation results for the land use effects of price changes. We focus on corn in the main text and leave the calculation results for soybeans in SI (see tables S5-S8 in SI).
Impact of Climate Change on Corn Yield
We use parameter estimates from corn yield Models II and III for estimating the impact of climate change on corn yield. The only difference between these two models is that Model III includes prices variables whereas Model II does not. We first obtain changes in climate variables under different future climate scenarios from two climate models (to be described below) and then use those changes with the parameter estimates in yield Models II and III as well as acreage Model II to quantify the effect of omitting price variables on the effect of climate on corn yield and production. Due to different model specifications, data, methodology, and research purposes, results in our study are not directly comparable with those in Schlenker and Roberts (2009 temperature, and monthly total precipitation of 19 global climate models under four greenhouse gas representative concentration pathways (RCP). These four pathways are RCP2.6, RCP4.5, RCP6.0, and RCP8.5. We utilize data from global climate models HadGEM2-ES and NorESM1-M with spatial grids at 10 minutes of a degree of longitude and latitude (about 11.6 miles at the equator). These two climate models are selected because they provide good contrasts on global temperature changes and have complete datasets under the four RCPs (Warszawski et al. 2014 ).
13 To obtain the county-level climate information in the medium term and long term we take the average of data for four closest grid points of each county centroid. The changes in climate variables are calculated by using future climate data from WorldClim minus sample means of climate data used in our regressions. Using data from climate model HadGEM2-ES we find that the effect of climate change on yield will be overestimated in the Midwest when price variables are omitted (see the four maps in the upper panel of figure 1 ). However, using data from climate model NorESM1-M leads to the opposite result for some Midwestern counties (see the four maps in the lower panel of figure 1 ). This is because climate models differ in their predictions of the magnitude for temperature and of precipitation changes in a region. Similar maps for soybeans are presented in figure S1 in SI.
We decompose the impact of climate variables on corn yield in table 8 using parameter estimates from yield Models II and III with various climate change scenarios of HadGEM2-ES.
14 We find that changes in GDD causes the largest yield reduction. Specifically, increase in GDD (ranging from 476 to 1078 under various RCP scenarios and temporal framework) caused by climate change will decrease corn yield by 7% to 24% when compared with sample mean of corn 24 yield, depending on the climate change scenarios and temporal framework. Change in overheat degree days causes the second largest reduction in corn yield. Change in precipitation tends to cause the least yield reduction among the four climatic factors included in the yield models.
Comparing the results obtained using parameter estimates from Model II and III we find that omitting price variables will underestimate the effect of GDD by about 10% while overestimating the effects of over-heat GDD on yield by 41.3%, of precipitation by up to 9.6%, and of temperature deviation by up to 18.1%.
The last two columns of table 7 show the effect of climate change on corn production under alternative yield models and climate scenarios. The effects on corn production are obtained by simply summing up the effects of climate change on yield and on acreage. Since the negative effect of climate change on corn acreage is small (about 1%), the major channel through which climate change reduces corn production is by negatively impacting corn yield. Everything else equal, climate change can reduce corn production by 7% ~ 41%, depending on RCPs and temporal term considered (see the last columns in table 7 and S9). Omitting price variables also results in overestimation of the effect of climate change on corn production by 2% ~ 9%. Figures   S2 and S3 in SI depicts the impact of climate change on corn and soybean production at the county-level across the rainfed United States, from which we can see that larger impacts (measured in percentage of mean yield in a county) occur in Southeastern states.
Land-use Effects of Corn Price Increase
Our estimation results indicate that corn supply elasticity with respect to corn price is 0.68; this is obtained by adding the corn yield elasticity 0.23 from corn yield model III (see table 3 ) to the corn acreage elasticity 0.45 from corn acreage model II based on received prices (table 5) . This implies that 33.8% of the increase in corn production caused by a corn price increase will be due 25 to the increase in corn yield per acre and the remaining 66.2% of the increase will be due to the increase in corn acreage. Therefore, any assessment of the land-use effect of corn ethanol should consider the responsiveness of corn yield to prices. Previous studies, such as Searchinger et al. (2008) and Fargione et al. (2008) , which ignored the yield elasticity with respect to corn prices when estimating the land use effects of corn ethanol production, have significantly overestimated the indirect land use change caused by corn ethanol production. As is pointed out in Dumortier et al. (2011) , inclusion of the response of yield to prices can significantly mitigate or even reverse the findings in Searchinger et al. (2008) .
Conclusions
This article investigates the determinants of average crop yield and crop acreage at a countylevel scale for corn and soybeans in the rainfed United States over the period . It also analyzes the effects of climate and prices on corn and soybean supply. The reduced form empirical framework developed here is based on the premise that county average crop yield is influenced not only by climate factors but also by crop management practices and land allocation decisions of farmers in response to input prices and expected output prices. It examines the responsiveness of crop yields to both received prices and futures prices. Additionally, as compared to previous studies, this study includes a more comprehensive and temporally disaggregated set of climate variables and a more sophisticated IV panel data approach that controls for both endogeneity of prices and spatial autocorrelations.
We find statistically significant elasticity of corn yield with respect to corn price with a value of 0.23. In the case of soybeans, however, the yield price elasticity is not statistically significant. Our analysis implies that the supply response to an increase in corn price occurs at least partly due to changes at the intensive margin that increase yield per acre. Like previous 26 studies, we also find that climate change have significant adverse impacts on the yields of both corn and soybeans. More importantly, however, we find that the timing of the variability in temperature matters. For instance, the effect of temperature deviations on crop yields differs across the months in which it occurs.
Using regionally disaggregated projections of climate change over medium term (average for 2041-2060) and long term (average for 2061-2080) based on the most updated climate projections as of 2014 that are used in IPCC's AR5, we find that climate change can be expected to decrease corn yield on average by 7% ~ 40.1% depending on the climate scenarios, time horizon, and global climate models used. The omission of price variables while estimating the effect of climate variables on corn yield models leads to an assessment of the adverse impact of climate change that is up to 9% higher depending on climate and temporal scenarios considered, and on global climate models used to predict climate change. The extent of this estimated bias differs across geographical regions, global climate models, and climate variables, indicating the importance of controlling for price variables when quantifying the impact of climate change on crop production.
In the article we focus on the aggregate yield and acreage effects of price and climate.
We leave it to future research to decompose these aggregate yield and acreage effects and identify the causal effects of specific components to determine the extent to which the effects of price and climate variables on yield and acreage were due to input use changes, land allocation among crops, and extensive margin changes. This would enable quantification of the mechanisms by which price and climate affect crop yield and acreage. Nevertheless, our analysis does show the importance of including the potential for behavioral response to market conditions in estimating the impact of climate change on crop production.
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Footnotes:
1 However, because their focus is on comparing the effect of different expectation regimes, Orazem and Miranowski (1986) do not explicitly discuss the effect of precipitation on crop acreage.
2 High correlation between futures price and received prices (as found to be the case by Chavas, Pope, and Kao, 1983) implies that futures prices are endogenously determined as well.
3 Schlenker and Roberts (2009) used year fixed effects to control for technology and time effects in their sensitivity analysis. One may argue that based on the law of one price the effect of prices is controlled for by year fixed effects. Crop prices, however, differ across states and over time and their effects are therefore difficult to control while also controlling for county-specific unobservable using county fixed effects. Moreover, we are interested in estimating the effect of prices on yield and acreage, which cannot be achieved using year fixed effects models while assuming that the law of one price holds.
4 Irwin and Thraen (1994) and Gouel (2010) provide comprehensive surveys on this issue. 5 We are indebted to two anonymous referees for comments on how climate affects crop acreage that led to this model specification.
6 The approach employed to specify yield for a farmer prior to the FAIR act evolved over time. For soybean acreage models we define neighbors as the 5 nearest counties. Baylis, Paulson, and Piras (2011) define neighbors as the 10 nearest counties. We define a smaller number of nearest counties as neighbors because in our dataset the selected counties are more sparsely distributed than those in Baylis, Paulson, and Piras (2011) due to the fact that some counties do not have corn or soybean production.
8 When running the Box-Cox regressions for both acreage and yield models, we treat the panel datasets as cross-sectional datasets. We also estimate Box-Cox regressions based on spatially transformed datasets and found similar results.
9 Website: http://www.ers.usda.gov/data-products/fertilizer-use-and-price.aspx (accessed on Dec.
2 nd , 2014).
10 To keep tables 3 and 4 in a reasonable size, we only present estimations of key variables in these two tables. For a complete presentation of estimations, see tables S2 and S3 in SI.
11 Corn acreage models with a quadratic term of time trend rarely pass the over-identification tests and generate noisy predictions; we, therefore, do not include a quadratic term of time trend in corn acreage models.
12 Table S4 in SI include regression results for acreage models based on futures prices. The results of the acreage models based on futures prices are relatively noisy (e.g., the magnitude of price coefficients is large, and particularly, in soybean acreage models the coefficients of soybean prices are not statistically significant). This may be because the regression on futures prices are based on the state-level futures prices that are constructed using the national-level futures prices. Chavas, Pope, and Kao (1983) also find that futures prices may not be good proxies for expected prices in the presence of government support programs because, as their results show, "futures markets do not reflect the effects of government programs" (Chavas, Pope, 29 and Kao 1983, p. 31) . Moreover, table 1 shows that the majority of previous studies used lagged received prices when examining price elasticities of crop acreage. Therefore, we prefer the set of results based on the received price and use this set of results in the simulation in the next section.
13 HadGEM2-ES predicts larger temperature increase than does NorESM1-M.
14 Corresponding results under climate model NorESM1-M are presented in table S10 of SI. 12.4 (10.9) 7.9 (6.7) 19.6 (13.4) 9.1 (9.4) Average precipitation in May (mm) 
